Introduction: Nonattendance at scheduled outpatient appointments for primary care is a major health care problem worldwide. Our aim was to estimate the prevalence of nonattendance at scheduled appointments for outpatients seeking primary care, to identify associated factors and build a model that predicts nonattendance at scheduled appointments. Methods: A cohort study of adult patients, who had a scheduled outpatient appointment for primary care, was conducted between January 2010 and July 2011, at the Italian Hospital of Buenos Aires. We evaluated the history and characteristics of these patients, and their scheduling and attendance at appointments. Patients were divided into two groups: those who attended their scheduled appointments, and those who did not. We estimated the odds ratios (OR) and corresponding 95% confidence intervals (95% CI), and generated a predictive model for nonattendance, with logistic regression, using factors associated with lack of attendance, and those considered clinically relevant. Alternative models were compared using Akaike's Information Criterion. A generation cohort and a validation cohort were assigned randomly. Results: Of 113,716 appointments included in the study, 25,687 were missed (22.7%; 95% CI: 22.34%-22.83%). We found a statistically significant association between nonattendance and age (OR: 0.99; 95% CI: 0.99-0.99), number of issues in the personal health record (OR: 0.98; 95% CI: 0.98-0.99), time between the request for and date of appointment (OR: 1; 95% CI: 1-1), history of nonattendance (OR: 1.07; 95% CI: 1.07-1.07), appointment scheduled later than 4 pm (OR: 1.30; 95% CI: 1.24-1.35), and specific days of the week (OR: 1.00; 95% CI: 1.06-1.1). The predictive model for nonattendance included characteristics of the patient requesting the appointment, the appointment request, and the actual appointment date. The area under the receiver operating characteristic curve of the predictive model in the generation cohort was 0.892 (95% CI: 0.890-0.894). Conclusion: Evidence related to patient characteristics, and the identification of appointments with a higher likelihood of nonattendance, should promote guided strategies to reduce the rate of nonattendance, as well as to future research on this topic. The use of predictive models could further guide management strategies to reduce the rate of nonattendance.
Introduction
Nonattendance at scheduled appointments at outpatient clinics is a common problem in general medical practice, representing a significant cost to the health care system, and resulting in disruption of daily work planning. [1] [2] [3] Nonattendance at medical appointments has consequences not only for doctors (as it requires a greater use of resources and time), but also for patients, because there may be deterioration in the quality of care, and dissatisfaction associated with delays in obtaining a new appointment. [4] [5] [6] [7] [8] This Previous studies have reported that nonattendance at scheduled appointments is most frequently associated with those patients attending follow-up appointments, generally those assigned to another professional, those with appointments on Fridays, and those with appointments assigned 1 -2 weeks in advance. Nonattendance was also associated with younger patient age, greater psychological problems, and lower socioeconomic status. 9, 10 Furthermore, in patients with chronic diseases, the nonattendance rate was also reported to be lower. 1, 3 Clinical patient characteristics can be important predictors of nonattendance, but they required high quality electronic health records to predict nonattendance accurately. 1, 9 In the United States and Europe, the nonattendance rate is estimated to be between 6.5%-55%; 2, 3 there is little evidence regarding nonattendance in Latin America. Many studies have described the prevalence and impact of nonattendance at scheduled medical appointments, and possible strategies to decrease the nonattendance rate. However, few studies have utilized the characteristics associated with nonattendance for building predictive models, which might better identify those patients who may not attend a scheduled appointment.
Because nonattendance is a common problem, our objectives were to estimate the prevalence of nonattendance at clinical medicine outpatient offices, to identify the characteristics of appointments for which nonattendance was more likely to occur, and to generate a predictive model that could be applied to each appointment to estimate the probability of nonattendance.
Materials and methods
A retrospective cohort of adult patients (aged 18 years or older) was evaluated, which included patients who requested a scheduled appointment at the Clinical Medicine Outpatient care system at the Italian Hospital of Buenos Aires (HIBA). In this health care system, clinical medicine specialists fulfill the role of family medical practitioners; they are essential in primary care and monitoring of ambulatory patients. HIBA is a university general hospital in the Autonomous City of Buenos Aires that includes two hospitals (Central Hospital and Hospital Italiano de San Justo Agustin Rocca) and twenty-two primary care centers. This organization provides 750 beds, receives approximately 2.5 million outpatient visits per year, and includes a health maintenance organization that delivers prepaid health care to approximately 150,000 members per year: the Italian Hospital Health Plan (HP).
We included all requested appointments (random consecutive sampling) between January 2010 and October 2011. The sample was randomized to allocate a generation cohort (two-thirds of the sample) and a validation cohort (one third of the sample).
All data evaluated came from high quality secondary administrative databases. Exclusion criteria consisted of: appointments for specialties other than clinical medicine, and those assigned to procedures, preoperative appointments, specific consultations for evaluation prior to entry into the HP (pre-enrollment), emergency assessments, and spontaneously-assigned appointments, made at the time of the provision of care (ie, "squeeze in" appointments, with a medical indication care note). All cancelled appointments were also excluded.
The unit of analysis was the requested appointment. It was categorized as present, or absent, according to whether the patient attended the consultation, or not. Evaluations included 1) baseline patient characteristics (age, sex, medical coverage, number of medical problems in the EHR, distance from home to the appointment location), 2) characteristics of the appointment reservation process (method used to request the appointment, scheduling an additional alternative appointment or a conventional appointment, time from request to appointment), 3) patient history (number of requested appointments, percentages of missed appointments in the last year prior to requesting the appointment, prior hospitalization or current admission to hospital), and 4) characteristics of the appointment (location, if first appointment, time of day, day of week, month, percentage of appointments missed by the physician, record of weather on the day of the appointment).
To simplify the analysis, we dichotomized the month and hour of appointment, according to the following definitions: June, July, and December were considered to be "months with low attendance" (greater than 23.5% missed appointments), and times after 5 pm were considered to be "high nonattendance hours". These two definitions were defined ad hoc using information from the generation cohort.
To evaluate the association of nonattendance with the distance between (A) the patient's home and (B) the location of the requested appointment, the coordinates of A and B, in radians (latitude and longitude), were located by georeferencing. Coordinates were assigned using a non commercial mapping software for Buenos Aires city, developed by the Department of Health Informatics at HIBA. The coordinates of the center point of the patient's province of origin were used to represent the home address for patients whose addresses where outside Buenos Aires city. The distance between both pairs of coordinates (A and B), in kilometers, was calculated using the following formula: distance =6,371 × arccosine(cosine(Latitude A) × cosine(Latitude B) × cosine(Longitude B-Longitude A) + sine(Latitude A) × sine(Latitude B)). The distance calculated using this formula was only an approximation, as it 
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Factors in nonattendance of outpatient appointments at a general hospital considered only the linear distance between two points over the curved surface of the earth at sea level.
Climate data for the Autonomous City of Buenos Aires for the assessment period were requested from the Meteorological Information Center of the National Meteorological Service (http://www.smn.gov.ar). The associations between nonattendance and maximum, minimum, and average temperatures, and rainfall were evaluated.
Using the generation cohort, univariate association was assessed between each characteristic and nonattendance of appointments, using a multilevel logistic regression model, considering the natural clustering between scheduled appointments for the same patient. Each patient was considered as a cluster, or level, in the multilevel model. Odds ratios (ORs) were estimated for nonattendance at appointments with corresponding 95% confidence intervals (95% CI).
A multivariate multilevel logistic regression model was used for generating predictive models of nonattendance. Significant variables in univariate analysis were incorporated into the model, along with those considered relevant, even though not significant in univariate analysis. The presence of interaction was tested with the generation of interaction terms. The reliability of the estimate of the quadrature model was tested, and only models with relative differences lower than 0.01 for each estimated parameter were considered as candidates.
Diagnostic performance of the model was evaluated using receiver operating characteristic (ROC) curves for the predicted values of nonattendance at scheduled appointments, which were calculated using the estimated predictive model. We used the accuracy approximated by the area under the ROC curve as a goodness-of-fit measure. Different models were compared using Akaike's Information Criterion (AIC). The model with the largest area under the ROC curve and the lowest AIC was selected, then the selected predictive model was validated, using the validation cohort, by comparing predicted values with those observed.
To compare the predictive performance of the model with the observed proportion of nonattendance, we used the validation cohort. We stratified every appointment from the validation cohort according to the probability predicted by the model, in deciles. We calculated the average probability of nonattendance predicted by the model (the average of individual estimated probabilities), and the observed probability (proportion of nonattendance), within each decile stratum. The predicted and observed probabilities are shown, for each decile, in Table 4 .
A P-value of less than 5% was considered statistically significant. The analysis was performed using SPSS version 17.0 (IBM Corp, Armonk, NY, USA) and Stata version 11.0 (StataCorp LP, College Station, TX, USA).
Results
A total of 170,574 requested appointments were included, corresponding to 44,402 patients. Requested and selected appointments are shown in Figure 1 .
A trimodal age pattern was found, with peaks between 30-34 years, 65-69 years, and 80-84 years. The percentage of female patients was 62.1% (27,593). Seventy-five percent (33,286) of the patients were affiliated with the HP. The frequency of nonattendance for all appointments was 22.7% (38,758), with 95% CI: 22.52%-22.92%. Baseline characteristics and appointment features are shown in Table 1 .
The generation cohort included 113,716 scheduled appointments. The frequency of nonattendance at appointments was 22.6% (25, 687) , with 95% CI: 22.34%-22.83%. The association between different characteristics and nonattendance is shown in Table 2 . For generation of the predictive model, the distance variable was excluded, due to lack of data for georeferencing patient home addresses (only 78,242 of 113,716 appointments had a patient address documented).
The predictive model selected included months of low attendance, first time appointments, the time from the assignment of the appointment to the appointment date, hospital admission at the time of the appointment, the appointment reservation system, hours of increased nonattendance, number of appointments requested on the same date, the patient's missed appointment rate in the year prior to the appointment, and milliliters of rainfall on the day of the appointment. The estimated coefficients are shown in Table 3 . Age and sex were not included in the predictive model because, in the multivariable model, the association did not have statistical significance, and the model performance was worse than it was without these factors. In the generation cohort, the area under the ROC curve of the predictive model was 0.892 (95% CI: 0.890-0.894) (Figure 2) . Using the predictive model in the validation cohort (56,858 appointments), the area under the ROC curve was estimated at 0.891 (95% CI: 0.888-0.894). Using the validation cohort, predicted and observed probabilities were very similar, for each decile. The observed and predicted probabilities for each decile are shown in Table 4 .
Discussion
The estimated prevalence of nonattendance at scheduled appointments with family medical practitioners is approximately 1 in 4 appointments. Nonattendance represents an important health care problem, which prolongs delays, and 4 While the prevalence of nonattendance is extremely variable, the estimate in our study was similar to those reported in other countries regarding nonattendance in primary care settings, such as in the United States (5%-55%, in different series), 11 Saudi Arabia (29.5%), 12 and Israel (36%), 13 although our rate was much higher than that previously described in the United Kingdom (6.5%-7.7%). 1 Moreover, few studies have been conducted in Latin American populations.
Although it was not our aim to estimate costs, we observe that it has been claimed that nonattendance wastes substantial health care resources. However, this is only vaguely supported by empirical evidence. Literature regarding nonattendance reveals a great need for studies to address the nonattendance problem, by applying economic theory and analytical methods. 3, 14 The high prevalence of nonattendance may be related to cultural and social characteristics of the patients receiving care, to factors related to the health care system (management of medical scheduling, payment for service delivery or payment per capita, and public or private setting), and to the type of medical specialty.
According to previously reported findings, patients who miss their scheduled appointments are generally young adults, aged 17-40 years, 1 and the likelihood of missing an appointment decreases with age. 15 Some studies have found a with probability of nonattendance in females, compared against males (lower 15 or higher 2 odds of nonattendance), whereas we found no difference between sexes. Even though age was associated with nonattendance in univariate analysis, the tests for both coefficients of age and sex were not significant in multivariate predictive models. They were not included in the final predictive model, because the predictive models that included these variables performed worse than the models that excluded them.
In this study, lower nonattendance days included Wednesday and Thursday; this contrasts with other studies that reported lower rates of missed appointments on Mondays, as compared with Fridays. 16, 17 We found no evidence in the literature with regard to any associations between greater probability of nonattendance and climate, month of year, or day of the week. Most studies, including ours, agree that nonattendance is associated with a greater time period between requesting the appointment and the appointment date. [17] [18] [19] [20] In some studies, a history of nonattendance at previous appointments does function as a predictor, 11, 15 while this has not been observed in other studies. 2, 17 Most previous studies that describe nonattendance at medical appointments have considered a short time span. Because the time of year may influence nonattendance rates, it 
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Factors in nonattendance of outpatient appointments at a general hospital is necessary to evaluate longer periods. This strategy revealed higher rates of nonattendance during the holiday months (June, July, and December), which also correspond to the period of the year with the most extreme temperatures. It may not be that modifying the appointment schedule during this period could have an impact on the attendance rate. A system for reducing the rate of nonattendance, that requires primary data collection, would be costly and would require numerous resources. However, in our study, the data associated with nonattendance at scheduled appointments were obtained from secondary databases, which enabled estimation of the probability of nonattendance for each request, without requiring additional information. This approach may further aid in developing strategies for targeted reminders, or in developing an appointment reservation system that shows the estimated probability of nonattendance, for each free appointment, for a specific patient, each time a new appointment is required. In this latter case, the administrator could offer patients appointments that are associated with lower estimated probabilities of nonattendance. Optimizing a more efficient appointment scheduling system, using predictive models of this type, will require further information regarding the causes of attendance, nonattendance, and appointment cancellation.
The advantages of using secondary databases are well known, 21 although this approach also has disadvantages. 22 In our study, typing errors and lost data corresponding to the addresses of patients made it impossible to georeference the data in order to evaluate the effect of distance on nonattendance in the predictive model, even though it was significantly associated in univariate analysis. Missing data is a common disadvantage of using secondary databases. The inclusion of clinical data, such as cognitive impairment, in the predictive model could be useful in predicting nonattendance at scheduled appointments. 1 However, these models strongly depend on the quality of the data used to develop them. The main difficulty lies with the specificity and sensitivity of diagnoses, in clinical data obtained from the electronic medical records. 23, 24 For example, due to privacy concerns, many psychiatric diagnoses are not submitted by specialists to electronic medical records. 25 Other studies of factors associated with nonattendance have also excluded this type of data in their analyses. 15 Additionally, using clinical data from EHR usually considers everyone who does not have a medical problem registered in their medical record as not having that medical problem. For example, if a patient does not have the problem "hypertension" in their medical records, it is considered that they do not have hypertension; in fact, their hypertension status is unknown. Secondary administrative databases' information as to the rate of nonattendance in the last year, and the time of the scheduled appointment, 
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Factors in nonattendance of outpatient appointments at a general hospital have almost perfect data quality, and may represent appropriated proxies for estimating the probability of nonattendance. Administrative and demographic data, such as age, date of birth, race, place of residence, and date of death are considered largely reliable and valid for our type of model, which is why they were prioritized in this study. 26 The predictive model we generated works best in patients with a greater chance of nonattendance (ie, there is better concordance between predicted and observed values in patients with a higher probability of missed appointments), as shown in Table 4 . Characteristics that predict a higher probability of missing an appointment include 1) patients with higher default rate in the year before the appointment, 2) higher number of appointments requested on the same date, 3) longer time from assignment of appointment to appointment date, 4) non-first time appointment, with appointment reserved using any system but phone, and 5) appointment scheduled at hour or month of low attendance. This could be representative of a kind of personality, which tends to have a higher rate of nonattendance, even though we could not specify this type of personality. Additionally, the area under the ROC curve of the predicted model was large; the use of an external validation cohort might be useful for evaluation of its performance. There are also significant technical difficulties associated with generating external validation cohorts with similar characteristics, and their usefulness may be limited, because there could be variability across cohorts from different geographical areas or health systems. Therefore, there is a ROC curve need for similar studies in other populations, to estimate the probabilities of nonattendance under local conditions. The importance of this study lies principally in the ability to predict nonattendance using databases that are simple to acquire, from high-quality, nonclinical, secondary sources. This capacity could facilitate preventive measures to reduce nonattendance, by addressing patients who are more likely to fail to attend a scheduled appointment. We believe that there are few associated factors that modify nonattendance, and also that they do not represent the cause of nonattendance. This leads us to consider it not an effective strategy to approach this issue by modifying those associated factors. Additionally, we believe that changing the schedule of appointments, in the day and hours correlated with higher chances of nonattendance, will not be effective either, as it probably reflects a particular type of patient who take turns in to these times and days.
Characterizing and identifying appointments that have increased probability for nonattendance would make it possible to apply strategies to reduce the nonattendance rate. Moreover, development of future research on this topic can generate new tools for addressing the problem of nonattendance, which affects all aspects of health care.
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